Earth orbit (GEO) satellite missions for atmospheric composition over North 18
America, East Asia and Europe with additional missions proposed. Together, these 19 present the possibility of a constellation of geostationary platforms to achieve 20 continuous time-resolved high-density observations over continental domains for 21 mapping pollutant sources and variability at diurnal and local scales. In this paper, 22
we use a novel approach to sample a very high global resolution model (GEOS-5 at 7 23 km horizontal resolution) to produce a dataset of synthetic carbon monoxide 24 pollution observations representative of those potentially obtainable from a GEO 25 satellite constellation with predicted measurement sensitivities based on current 26 remote sensing capabilities. Part 1 of this study focuses on the production of 27 simulated synthetic measurements for air quality OSSEs (Observing System 28 Simulation Experiments). We simulate carbon monoxide nadir retrievals using a 29
technique that provides realistic measurements with very low computational cost. 30 We discuss the sampling methodology: the projection of footprints and areas of 31 regard for geostationary geometries over each of the North America, East Asia and 32 Europe regions; the regression method to simulate measurement sensitivity; and 33 the measurement error simulation. A detailed analysis of the simulated observation 34 sensitivity is performed, and limitations of the method are discussed. We also 35 describe impacts from clouds, showing that the efficiency of an instrument making 36 atmospheric composition measurements on a geostationary platform is dependent 37 on the dominant weather regime over a given region and the pixel size resolution. 38
These results demonstrate the viability of the "instrument simulator" step for an 39 OSSE to assess the performance of a constellation of geostationary satellites for air 40 quality measurements. We describe the OSSE results in a follow up paper (Part 2 of 41 this study). Current satellite observations of tropospheric composition made from low 46 Earth orbit (LEO) satellites provide at best one or two measurements each day at 47 any given location. Coverage is quasi-global but sparse, often with large 48 uncertainties in individual measurements that limit examination of local and 49 regional atmospheric composition over short time periods. This has hindered the 50 operational uptake of these data for monitoring air quality and population exposure, 51
and for initializing and evaluating chemical weather forecasts. 52
By the end of the current decade, there are planned geostationary Earth orbit 53 (GEO) satellite missions for atmospheric composition over North America, East Asia 54
and Europe, with additional missions proposed (CEOS, 2011) . Together, these 55 present the possibility of a constellation of GEO platforms to achieve continuous 56 time-resolved high-density observations over continental domains for mapping 57 pollutant sources and variability. The GEO geometry provides a continuous view of 58 the part of the Earth that is below the satellite, enabling measurements many times M A N U S C R I P T
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3 pollution emissions and transport, and as a proxy for emissions and distributions of 90 other species co-emitted with CO but not easily measured. an observation simulator (2) to sample the nature run to produce synthetic 119 observations (3). The synthetic observations are then assimilated using a data 120 assimilation system (4) into a second atmospheric model, the control run (CR) (5). 121
This produces the assimilation run (AR) (6). The impact of concept instrument 122 measurements on constraining the modeled state of the atmosphere can then be 123 evaluated and assessed (7) by comparing the NR, CR and AR (1, 5 and 6). We 124 describe this study in two parts. In the present paper (Part 1) we focus on the NR 125
(1), observation simulator (2) and synthetic observations (3). A follow-up article 126 (Part 2) will focus on assimilating the simulated measurements and assessing the 127 synergies between the different instruments of the constellation by simulating data-128 denial case studies (elements 4 to 7 in fig. 1 ). This study presents for the first time a 129 global GEO constellation OSSE for CO. 130
According to Rodgers (2000) , within the remote sensing optimal estimation 131 framework one can represent the sensitivity of the retrieved trace gas profile from a 132 satellite measurement to the true state of the atmosphere by the averaging kernel 133 (AK) function. For accurate observation simulations in an OSSE, we need a full 134 radiative transfer model for radiances and their Jacobians (which represent the 135 sensitivity of the radiance to the true atmospheric state) to compute the AKs for 136 M A N U S C R I P T In this study we focus on July 2006. Figure 2 shows the CO total column 205 provided by the NR for 15 July 2006 at 15:00 UT. This map shows the ability of the 206 NR to represent the high variability of CO fields at a global scale. We display typical 207 and expected CO values: very high values (above 4.10 18 molecules/cm 2 ) over central 208
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Africa due to biomass burning; high values (around 3.10 18 molecules/cm 2 ) over 209 dense populated areas due to anthropogenic emissions. The NR total columns of CO 210 also clearly show long-range transport patterns of CO from anthropogenic and 211 biomass-burning sources across the oceans of the Northern Hemisphere (NH) and 212
Southern Hemisphere (SH), respectively. 213 Figure 3 shows the July 2006 average of surface CO values over the three 214 regions of interest (North America -CONUS, Europe and Eastern Asia). The NR 215
shows realistic horizontal CO variability due to the very high space and time 216
resolutions of the simulations. Emissions from cities from small to large size are 217 clearly identifiable. Transport infrastructure such as roads (eastern US in figure 3.a) 218
and ship routes (China sea in figure 3.c) are also visible. In this study we use the NR 219 model output variables, both the chemical parameters (CO quantities) and the 220 meteorological parameters (not shown), to predict averaging kernels for simulated 221 observations in the GEO constellation. This is done for each of the CONUS, Europe 222
and Eastern Asia regions of interest. 223 224
3. Sampling methodology 225 226
3.1. Geometry of measurements 227 228
We constructed three GEO instrument simulators over the three regions of 229 interest defined immediately above using the methodology described in Worden et 230
al. (2013) . Footprints of the instruments are defined as a GEO projection on the 231 globe. We defined ‫ݔ‬ (along the parallel from the sub-satellite point) and ‫ݕ‬ (along the 232 meridian from the sub-satellite point) at regularly spaced scanning angles (in 233 degrees). The GEO projection consists of projecting these angles from the GEO 234 platform to the surface of the earth to obtain the corresponding longitudes and 235 latitudes of the footprints. We have the following relationship between viewing 236 angles at the satellite location and latitude, longitude position on the earth surface:
where ‫݈݊_ܾݑݏ‬ is the sub-satellite point longitude and: 243 244 spatial resolution in the order of 5 to 10 km and a measurement domain of at least 264 5000 km. Table 1 gives an overview of the characteristics of the three instruments 265 that we call hereafter GEO-US (over CONUS), GEO-EU (over Europe) and GEO-AS 266 (over Eastern Asia). We set the scanning angles of the three instruments to have a 267
horizontal resolution under 10 km (0.1°) in the approximate middle of the 268 In this study, we assume characteristics of the CO measurements of the 279 troposphere similar to those of the Terra/MOPITT (Measurement of Pollution in the 280
Troposphere) instrument (Drummond, 1992 indicating the information content of a measurement is the degrees of freedom for 317 signal (DFS), given by ‫ݎݐ‬ሺሻ (Rodgers, 2000) . Higher DFS values indicate more 318 sensitivity of the retrieval to the true profile. 319
To diagnose the sensitivity of the measurement to the lowest layers, DFS can 320 be calculated over the three lowest levels (Surface to 700 hPa) as ‫ܵܨܦ‬ ,ଷ = ∑ ‫ܣ‬ ଷ ୀଵ . 321
In Figure 5 the DFS (DFS0,3) is 1.9 (0.7) and 1. 3.5. Simulated error method 412 413
The regression method described above does not account for simulating 414 measurement error (represented by the retrieval error covariance matrix) and 415 retrieval noise. In order to simulate the error terms, we use the relationships 416 between the AK matrix and the associated retrieval errors terms (Rodgers, 2000) . 417
The associated retrieval noise ߝ is defined using the retrieval noise covariance 418 matrix , derived from the retrieval error covariance matrix ௫ . Where ߝ is the 419 vector containing the square root of the diagonal elements of , and ‫ݕ‬ the 420 vector containing the square root of the diagonal elements of ௫ . Under cloudy conditions, the simplest approach for MOPITT-like 475 measurements on a GEO platform would be simply to discard cloudy pixels and not 476 perform retrievals. It is thus important to assess the impact of the cloud coverage on 477 GEO measurements. In this study, a scene is considered clear when the interpolated 478 cloud fraction from the NR is lower than 5% of a single footprint. This is the clear-479 sky condition used operationally with real MOPITT measurements. Cloud 480 contaminated footprints with greater than 5% of cloud fraction would be discarded. 481
Clouds properties are not used to predict AK variability. Figure 6 presents the ratio 482 of cloud free pixels, over the month of July 2006 for the constellation. The ratio of 483 cloud free pixels is the number of cloud free observations divided by the total 484 number of possible observations (i.e., one per hour during one month) for a given 485 pixel. Figure 9 gives an idea of instantaneous instrument coverage with a 5% cloud 486 fraction threshold. The GEO-EU displays very few cloud-contaminated areas 487
whereas the GEO-AS has very few cloud free areas. 488
The cloud-free ratio geographical distribution shows differences between 489
intra-and inter-continental regions. On average, GEO-EU has the highest ratio 490 (60%) followed by GEO-US (40%) and GEO-AS (20%). Strong variations of the ratio 491 are also observed for different weather regimes within each measurement domain. 492
Mediterranean weather regimes such as western CONUS and the entire 493
Mediterranean basin exhibit higher ratios, above 80%. Conversely, oceanic, 494
subtropical and tropical regimes such as northern Europe, southern CONUS and 495 southeastern Asia have lower ratios, below 20%. Over the GEO-AS field of view, 496
Korea and Japan exhibit very low ratios around 10% due to East Asian monsoon 497 effects that provide persistent convective cloud coverage. 498
The value of the cloud free ratio depends on the spatial resolution of the 499 observation (pixel size) and the cloud fraction threshold used. Figure 7 displays 500 results of sensitivity tests on pixel size and cloud fraction threshold. We assume that 501 M A N U S C R I P T
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12 the lowest pixel size simulated is 7 km due to the model horizontal resolution. We 502 can then increase the pixel size by averaging contiguous grid cells. It is shown here 503 that with a given cloud fraction threshold, increasing the pixel size reduces the 504 average cloud free ratio. We perform tests for varying cloud fraction thresholds to 505 calibrate the assimilated data product. Variations of the cloud free ratio following 506 variations in the cloud fraction threshold and the pixel size show the same patterns 507
(but with a different range of values) for the three instruments of the constellation. 508
To explain these patterns we display a specific case (figure 8) as an example 509 of how the observed coverage changes with the two varying parameters. The case 510 study presented shows two typical horizontal cloud structures: one of high 511 granularity located over the eastern part of the plot, which is identified as 512 convective structures, and the other of low granularity located on the northwest 513 part of the plot, which is identified as a cold air front. Over low granularity areas, 514
decreasing the cloud fraction threshold will not increase the cloud-contaminated 515 area as much as it does over the high granularity areas. As an idealized example, one 516
can imagine adding pixels around four single separated sparse pixels (a granular 517 structure) and adding a pixel around a four-by-four pixel area (a non-granular 518 structure). In the first case, there will be 8 pixels around each of the 4 original 519 pixels, making a total of 32 additional pixels. In the second case 12 additional pixels 520 will surround a 2 by 2 square. The increase in area will be larger with the granular 521 structure than with the non-granular structure. 522
In the more realistic case of our observation simulations, granularity can 523 vary at different scales and at different times. We found that adjusting the cloud 524 fraction threshold to 20% for a 42 km pixel size gives comparable statistics of cloud 525 coverage as with the 5% threshold for a 7 km pixel size (see section 5.3 and figure  526 12). 527 528 5. Simulated GEO constellation measurements 529 530 5.1. Simulated sensitivity analysis 531 532 Figure 9 displays the maps of sampled Surface-700 hPa NR and retrieved 533 partial columns and associated DFS0,3 for the GEO constellation. Looking at DFS0-3 534 maps first shows that the observation simulator reproduces the variability of 535 measurement sensitivity over the satellite measurement domains. The maps are 536 snapshots during daytime, and show strong differences in DFS0-3 between sea and 537 land due to the different AK training sets used. The land training set simulates multi-538 spectral (TIR+NIR) retrieval AKs in contrast to the sea training set that simulates 539
TIR-only retrievals. The DFS0,3 values between land and sea surfaces are in 540 agreement with figure 5: instrument sensitivities over land are generally higher 541 than over sea, because of the availability of multi-spectral simulated retrievals. DFS 542 variability over land, or over sea only, is also simulated using the multi-regression fit 543 as described in section 3.3. To describe this variability, we will focus on the analysis 544 over land. The most obvious variations of DFS0,3 follow orography. The main reason 545
is the reduction in the number of retrieved levels if surface pressure is lower than, 546 e.g., 900 hPa. For a constant number of retrieved levels, the variation of the surface 547 level layer thickness also plays a significant role (represented by the dP predictor; 548 M A N U S C R I P T 13   see table 2) , and a thinner surface layer will contribute less retrieval sensitivity. 549
Variations of DFS0,3 can also be correlated to the CO amount in the NR. This 550 variability is represented with the CO total column and CO profile predictors. CO 551 abundance is a strong predictor of sensitivity due to the use of log10(VMR) retrievals 552
in MOPITT with corresponding weighting functions that have increasing magnitude 553 for increasing VMR (Worden et al., 2013) . Finally, the temperature profile and 554 thermal contrast (dT) play a significant role in the DFS0-3 variability, as expected for 555 the TIR contribution in a multispectral instrument. While DFS0-3 depends more on 556 predictors such as CO column and dP, all of the predictors in Table 2 add  557 information to the regression fit, as tested in . 558 Figure 10 shows scatter plots of DFS0-3 versus the main DFS variability 559 drivers, i.e., parameters mentioned above such as CO concentration, dP and dT. 560
Night and day values are displayed (blue and red, respectively) showing the 561 expected increase of sensitivity during day (simulating a multispectral retrieval) 562 compared to night (simulating a TIR-only retrieval). For each region, using an 563 alternation of day training sets and night training sets, designed to produce 564 multispectral and TIR-only retrieval AKs, respectively, then simulates a diurnal cycle 565 of sensitivity. Correlation of DFS0-3 with predictors gives an indication of which 566 variables in the NR true state will drive measurement sensitivity. However, this is 567 not a deterministic result since actual sensitivity depends on all the predictors, 568
together with the distributions of those 569
variables as compared to the training set distributions, indicated by the lines in 570 Figure 10 . Variations in the dependence on predictors can be seen by the different 571 distributions in Figure 10 The difference between the NR CO and the retrieved CO shows higher NR 582 values than in the simulated retrievals ( fig. 9 ). Retrieved values can be close to the 583 NR if sensitivity (DFS) is high enough and/or the a priori CO profile is close enough 584 to the NR. Cases with strong CO plumes in the NR can be identified in figure 9 over 585
Asia (around 35°N and 115°E) and over Europe (around 5°E and 55°N). In the Asian 586 case, the plume is very well detected in the synthetic retrieval, because over land 587
GEO-AS has a DFS0,3 above 0.5 and a priori profile concentrations close to the NR 588 profile (not shown). In the European case, plumes are barely detected because over 589 sea the GEO-EU has DFS0,3 below 0.3 and the a priori profile concentrations are far 590
from NR values. In general, retrieved CO concentrations are lower than the NR CO 591 concentration because a priori values are lower than NR values. In certain cases (see 592 fig. 9 for Asia around 110°E and 35°N), the opposite is observed; a priori 593 concentrations are higher than the NR. The a priori profile, sampled from a lower 594 resolution MOZART-4 climatology (see section 3.2) does not capture the specific NR 595 M A N U S C R I P T Xa and Xt (i.e., and ௧ ) are not used in the calculation of the a priori covariance 616 matrix (see section 3.5 and equation 9 and 12). The perfect estimate of ௦ would 617 then be:
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This can be estimated for this study since we are assuming the NR is the true state. 622
However, for real observations it is not possible to estimate the actual smoothing 623 covariance error matrix. Therefore, use of the method described in section 3.5 is 624 more realistic, and will provide reasonable error estimates in most cases since Xs 625 has generally lower values than Xe. 626 627 5.3. Reduced resolution simulated observations 628 629
In part II of this study, we will assimilate the simulated GEO-constellation 630 into a global model. We will use the global chemistry -climate model CAM-Chem, 631
including its full chemical scheme (Lamarque et al., 2012) . State-of-the-art global 632 atmospheric chemical models do not have high horizontal resolution. In this second 633 part of the study, we use a 0.9° by 1.25° resolution model configuration. Since the 634 resolutions of the NR and the simulated observations are much finer than the CAM-635
Chem resolution, we will use the reduced resolution NR (0.5°, i.e., 42 km 636 approximately). The reduced NR simulations are the same as the native NR 637 simulations, but the horizontal resolution has been reduced a posteriori (see Da  638 Silva et al., 2014). 639 Figure 12 displays the reduced resolution (42 km) simulated observations. 640
As explained in section 3.5, because the model resolution is 42 km we assume that 641 the pixel size has the same size. To generate an appropriate sampling according to 642 Tables:  874  875  876  877 GEO-AM GEO-EU GEO-AS 
